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"Prediction Is Very Hard, Especially About the Future": 
New Biomarkers for Type 2 Diabetes? 

William L. Lowe, Jr. 1 and James R. Bain 2 




With apologies to Yogi Berra, with the advent of 
personalized medicine, predicting who is at 
risk for type 2 diabetes (T2DM) will be im- 
portant. T2DM is characterized by insulin 
resistance, often associated with obesity, and inadequate 
insulin secretion to overcome the insulin resistance. As the 
prevalence of obesity increases, so too is the prevalence of 
T2DM. However, depending upon their degree of obesity, 
only ~ 25-40% of obese individuals develop T2DM (1). 
Trials such as the Diabetes Prevention Program (DPP) 
have demonstrated that intensive lifestyle and pharmaco- 
logic interventions can prevent or delay the onset of T2DM 
(2). Knowing who is likely to progress to T2DM will help 
target these interventions. 

With this in mind, prediction algorithms are emerging. A 
simple model that includes routine data from patient his- 
tory and conventional clinical and biochemical measures 
was effective in estimating T2DM risk (3). The addition of 
more complicated variables, e.g., measures of insulin 
sensitivity and (3-cell function, failed to improve the model. 

Our search continues for additional factors capable of 
strengthening risk models. One approach has been to use 
genetic variants associated with T2DM risk. Genome-wide 
association studies and other approaches have identified 
many T2DM susceptibility genes (4), although they ac- 
count for only a modest proportion of T2DM heritability. 
More importantly, using them to develop genetic risk 
scores to help estimate T2DM risk has, to date, generally 
failed to improve risk prediction over that provided by 
routine clinical measures such as those described above 
(5). 

Metabolomics now seeks to identify biomarkers capable 
of predicting deterioration of glucose tolerance or onset of 
T2DM. In metabolomics, an individual's metabolic state 
is profiled by multiplexed measurement of many low- 
molecular-weight metabolites. Over 4,000 such metabolites 
have been identified in human serum (6). Two comple- 
mentary approaches, targeted and nontargeted analyses, 
have evolved (7). Targeted analysis is a bottoms-up ap- 
proach in which discrete groups of chemically related 
metabolites (e.g., amino acids) are quantified in a biological 
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sample. In contrast, nontargeted analysis is a more quali- 
tative, shotgun approach that surveys as many different 
metabolites as possible. Using primarily targeted 
approaches, multiple studies have identified higher levels 
of branched-chain and aromatic amino acids in insulin- 
resistant, obese, and T2DM individuals (8). More recent 
studies have moved beyond cross-sectional studies to 
demonstrate that higher levels of these amino acids are 
predictive of progression to T2DM as well as future insulin 
resistance and glucose levels (9-13). 

Recently, Ferrannini and colleagues (14) used a 
nontargeted approach to identify plasma metabolites 
associated with insulin resistance and/or glucose intol- 
erance. The two top-ranked metabolites were an organic 
acid, a-hydroxybutyrate (a-HB), and a lipid, 1-linoleoyl- 
glycerophosphocholine (L-GPC). To confirm and further 
explore these findings, they developed targeted assays 
to quantify the metabolites. In this issue of Diabetes, 
Ferrannini et al. (15) report progressively higher levels of 
a-HB and lower levels of L-GPC across quartiles of insulin 
resistance and in individuals with impaired glucose tol- 
erance or T2DM. They also demonstrate higher levels of 
a-HB and lower levels of L-GPC at baseline in those indi- 
viduals with deteriorating as opposed to stable glucose 
tolerance after 3 years of follow-up and those individuals 
who progress to T2DM after 9.5 years of follow-up. When 
added to a model for predicting incident dysglycemia or 
T2DM that included family history of diabetes, sex, age, 
BMI, and fasting glucose, the fasting levels of these two 
metabolites improved predictivity, similar to the addition 
of 2-h glucose. When the model included both fasting and 
2-h glucose, the two metabolites had only minimal impact 
on predictivity. With these results, Ferrannini et al. pro- 
pose fasting a-HB and L-GPC levels as new biomarkers to 
help predict dysglycemia and T2DM. 

Associations defined in metabolomics studies may be 
only correlative, but, in some cases, may reflect an un- 
derlying contribution to pathogenesis. In addition to 
associations with insulin resistance, Ferrannini et al. also 
demonstrated an inverse relationship between a-HB levels 
and measures of (3-cell function; a relationship with L-GPC 
levels was not observed. To explore a potential mecha- 
nism for this relationship, the effect of a-HB and L-GPC on 
glucose-stimulated insulin secretion (GSIS) was examined. 
Using an immortalized rodent p-cell line, inhibition of GSIS 
by a-HB and stimulation by L-GPC were demonstrated, 
consistent with their association with disease progression. 
However, the absence of a relationship of L-GPC with 
p-cell function, despite an effect on GSIS, remains un- 
explained, and the findings are yet to be confirmed in hu- 
man islets. Moreover, although the findings may explain, in 
part, association with the risk of progression, they do not 
explain the observed associations with insulin resistance. 
Thus, much remains to be learned about the role of these 
metabolites in dysglycemia and T2DM. 
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TABLE 1 

Representative small metabolites under evaluation as biomarkers 
of insulin resistance, deteriorating glucose tolerance, or T2DM 
risk 



Metabolite Correlation Reference 

Amino acids 

Branched-chain and 

aromatic amino acids Positive 8-13, 15, 21 

Glycine Negative 12, 16 

Glutamine/glutamic 
acid ratio Negative 21 

Organic acids 



Diverse lipids with 

phosphocholine head Positive and 

groups negative 12, 14-16 

Triacylglycerols with low 

carbon number and high 

unsaturation Positive 22 

Sugars 

1,5-Anhydroglucitol Negative 23 



The biochemical mechanisms underlying changes in 
these two metabolites also remain undefined. L-GPC, 
which was also recently observed to correlate negatively 
with T2DM risk by Floegel and colleagues (12,16), may be 
a signaling molecule. Interpretation of the positive asso- 
ciation of a-HB with T2DM risk is complicated by its par- 
ticipation in a variety of diverse biochemical pathways — 
a promiscuity common among small organic acids. Eleva- 
tions of blood and urinary a-HB occur in metabolic states 
such as lactic acidosis and ketoacidosis (17) and in the 
plasma of healthy subjects during prolonged fasting (18), 
which is probably due to increases in both amino acid ca- 
tabolism and the NADH/NAD + ratio driving conversion of 
the amino acid catabolite, 2-oxobutanoic acid, to a-HB via 
lactate dehydrogenase (14,15,18-20). Thus, the current lon- 
gitudinal study (15) suggests that a-HB, a proximate product 
of disordered metabolism, might serve as both a predictive 
biomarker and prodromal sign of incipient T2DM. 

Metabolomics has the potential to provide insight into 
pathways important for glucose metabolism and T2DM 
pathogenesis. It can also elucidate biomarkers capable of 
improving risk prediction for deteriorating glucose toler- 
ance and T2DM. The current study adds to the growing list 
of potential biomarkers for T2DM, insulin resistance, and 
altered glucose tolerance (Table 1). To date, these candi- 
date biomarkers have largely been examined in isolation 
or limited subsets. Future studies will need to assess 
whether more complete panels of biomarkers improve 
upon risk prediction provided by established clinical 
measures with the goal of enabling more targeted inter- 
ventions in an age of personalized medicine. 
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